In Brief
In this Matters Arising Response to the Matters Arising (Cembrowski and Spruston, 2017) , we demonstrate how the spatial heterogeneity seen using singlecell in situ analysis by seqFISH (Shah et al., 2016) holds even with low average abundance genes and that measuring hundreds of genes across wide expression ranges with seqFISH is informative for cell classification.
INTRODUCTION
Our recent NeuroResource (Shah et al., 2016) demonstrated the ability of multiplexed seqFISH to profile gene expression at the single-cell level in situ in mouse brain slices by analyzing 125 genes in over 10,000 single cells in two brain slices, and a third brain slice with a set of 249 genes. Both sets contain genes with large ranges of average expression levels, including celltype-specific marker genes, transcription factors, as well as genes that varied in their spatial distribution across the entire brain slice (Shah et al., 2016) . Furthermore, even genes with low average expression have large dynamic range of expressions in different cells (Figure 1 ). These cell-specific expression patterns were clustered into cell classes.
The single-cell spatial resolution of seqFISH analysis revealed that each subregion of CA1 is composed of distinct combinations of cell classes, reconciling the previous contradictory description at lower spatial resolutions of either discrete regionalization observed in the ABA analysis (Thompson et al., 2008; Dong et al., 2009; Lein et al., 2007) or the continuous description (Cembrowski et al., 2016a) . In particular, when we average over the seqFISH transcriptional profiles of all cells within a subregion, we show in Figure 8 in Shah et al. (2016) that we recapitulate the continuous gradients observed by Cembrowski et al. (2016a) , which was obtained by averaging over a large number of cells sorted based on a GFP marker from microdissected hippocampal tissues (Cembrowski et al., 2016a) .
In the accompanying Matter Arising, Cembrowski and Spruston (2017) contend that CA1 is not regionalized and is composed of a spatially continuous population of cells. Cembrowski and Spruston explain this difference by suggesting in their Matters Arising that, first, the genes analyzed by our method that had low average abundance by RNA-seq represent technical noise that is uninformative for cell classification. Second, the Matters Arising raises the point that the clusters presented in our paper do not directly recapitulate known cellular taxonomies. Finally, they claim that we have misclassified CA1i as CA2.
Here, we show conclusively that the claims in the Matters Arising are not supported by the data in our original paper. In particular, we provide direct evidence that barcoded seqFISH measurements are single molecule sensitive and highly accurate. In fact, genes detected by barcoded seqFISH have large dynamic ranges from 0 to over 100 copies per cell and are expressed in a cell-specific fashion that are informative for classification of cells, despite having lower average level of expression than nonbarcoded seqFISH genes. Supporting this, barcoded seqFISH and nonbarcoded seqFISH genes in the 125 and 249 gene experiments have broad and overlapping abundance distributions in single cells (Figure 1 in this response and full data in Figure S6A and S6B in Shah et al., 2016) . Because many genes are strongly correlated in their expression levels and seqFISH can accurately measure the cell-to-cell variation of these levels, robust regionalization and cell classification were observed. In Shah et al. (2016) , the spatial regionalization in the hippocampus was determined through analysis of both barcoded and nonbarcoded seqFISH genes. We show further in this response that when analysis is restricted to only barcoded seqFISH genes, the same regionalization pattern is observed. We also address the taxonomy and CA2 concerns and showed that they do not affect the regionalization conclusion of our original paper.
RESULTS AND DISCUSSION seqFISH Accurately Detects Gene Expression With Large Dynamic Range across Many Cells
The sensitivity of seqFISH is approximately 10 times higher than single-cell RNA-seq in quantifying the absolute copy number of transcripts in single cells through direct comparison (Zeisel et al., 2015; Svensson et al., 2017; Figure S2E in Shah et al., 2016) and is much higher than conventional ISH methods because each gene is targeted by 24 probes that have been stringently designed to avoid off-target hits. seqFISH is based on counting of individual transcripts, which appear as diffraction-limited spots in images, through a high-efficiency hybridization process that does not require reverse transcription and PCR amplification. As a result, seqFISH has low false positives ( Figure 2B in Shah et al., 2016) and is accurate for lower abundance genes, similar to the single molecule FISH methods it is based upon (Raj et al., 2006; Femino et al., 1998) . Specifically, by comparing the abundance of the same transcript detected by performing barcoded seqFISH and the amplified version of single molecule FISH, on the same transcripts in the same cells, we observed 80% efficiency for detecting individual transcripts ( Figure 2B in Shah et al., 2016) . In addition, the false positive rate of barcoded seqFISH is also low ( Figure 2E in Shah et al., 2016) . To be accepted as a barcode, the signal must be detected in at least 3 rounds of hybridizations with complete digestions between the hybridizations. This requirement for spatial colocalization over 3 hybridizations for each mRNA produces a false positive rate of <1%, ( Figure 2E in Shah et al., 2016) , allowing seqFISH to accurately quantify transcript levels in single cells.
Even though barcoded genes have lower average expression levels than non-barcoded genes by experimental design to take advantage of the multiplex capabilities of seqFISH, many barcoded genes can be detected at over 100 copies per cell in subpopulations of cells, similar in distribution to the non-barcoded genes (Figure 1, adapted from Figures S6A and S6B in Shah et al., 2016) . Indeed, quantitation of many of the barcoded transcripts agrees with the pioneering work in the Allen Brain Atlas (ABA). As shown in Figure S8 in Shah et al. (2016) , barcoded genes such as Gpc4, Mertk, and Sox11 and their localization patterns match those observed in the ABA.
Genes with Low Average Expression Level but Large
Cell-to-Cell Variations Are Informative A central claim in the Matters Arising is that barcoded seqFISH in our Neuron paper targeted genes that had minimal expression in the hippocampus. In particular, the Matters Arising by Cembrowski and Spruston (2017) focused on subcluster 6.5 (Table  S2 , Shah et al., 2016) , which comprised only 3% of the cells we analyzed (N = 170/5,610) and 4 genes (Csf2rb2, Cyp2c70, Fam69c, and Olr). However, as shown in Figure 1 , even these genes, which are among the lowest expressed genes in our sets, can be expressed at over 50 copies per cell in some cells. Given the 10-fold sensitivity difference between scRNaseq and seqFISH, it is consistent that a similarly small fraction of cells (1.5%) had reads for these genes in scRNaseq. We note that in our original paper (Shah et al., 2016) , only the 13 major clusters were used for visualizing the spatial organization, while the 70 subclusters (including subcluster 6.5) within these major cluster Figure S3 and S6 in Shah et al. (2016) . While barcoded genes have a lower average expression compared to nonbarcoded genes, many genes are still present at over 100 transcripts per cells in subpopulations of cells. Specifically, Csf2rb2, Cyp2c70, Fam69c, and Olr, mentioned in Cembrowski and Spruston (2017)'s Matters Arising, are generally low abundance but can be present at over 50 copies per cell. We note that these four genes were enriched in only 3% of the cells analyzed, consistent with 1.5% of cells having reads in these genes in scRNaseq studies. It is also worth noting that canonical markers for inhibitory neurons, Vip, Sst, and Pvalb, can be expressed at hundreds of copies per cell, but have a low average value because interneurons are a small subpopulation in CA1. The cell-to-cell variations in the levels of these transcripts are highly informative for classification of cells based on their combinatorial transcription profiles.
were not used, as the regionalization features were apparent with the major clusters.
We further note that even canonical interneuron marker genes such as Vip and Sst have low average expression levels of 10.0 and 13.9 copies per cell over all CA1 cells, respectively, but are expressed at over hundreds of copies per cell in interneurons (Figure 1) . Thus, having minimal expression values based on bulk-averaged measurements do not exclude genes from being informative.
In fact, many barcoded genes, such as Arhgef26, Mertk, Bmpr1b, Laptm5, Gpc4, Vps13c, etc. , were expressed at low levels on average (10-20 copies per cell) but are expressed at high levels (50-200 copies per cell) in distinct subpopulations of cells (Figure 1 in this response, and Figure 3B and Table  S2 in Shah et al., 2016) that mark out specific cell states. This is consistent with single-cell RNA-seq experiments showing that these barcoded genes are enriched in specific cell clusters (Zeisel et al., 2015, Table S1 ). In addition, there are other examples in the literature reporting crucial roles for genes expressed at low abundance, including transcription factors such as Gata3 (Yui and Rothenberg, 2014) , are essential in cell fate decisions.
Thus, contrary to conventional intuition, genes that have low average expression levels should be neither discounted nor deprecated. Measuring the cell-to-cell variations in the expression of these transcripts can be highly informative of the overall transcriptional state of the cell, because of the high sensitivity and low false positives of seqFISH.
seqFISH with Hundreds of Genes Can Be Informative for Cell Classification Because Genes Are Highly Correlated The spatial organization observed in the original seqFISH analysis is based on datasets with both high and low average abundance genes. However, even clustering with only the low average abundance transcripts recapitulate the regionalization (Figure 2 ) reported in our paper (Shah et al., 2016) . For example, in the dentate gyrus, we observe the same partitioning of adult stem cells and the mature granule cells, even without conventional marker genes such as DCX, Pax6, and Calb1. This argues against the claim that the cell-type divisions in our Neuron paper were primarily driven by non-barcoded genes.
In fact, any subset of genes in our experiment is informative because gene expression is highly correlated, across all expression levels (Figures S3J and 3C in Shah et al., 2016) . As shown in Figures 3C and 3D in Shah et al. (2016) , random subsets of only 20 genes could recapitulate 50% of the cell correlation information in the data. This correlation between genes makes it possible to identify cell classes without including so-called marker genes in seqFISH experiments. Because some genes are informative in the cortex while others are more important in the hippocampus, having a set of hundreds of genes across all expression levels can cover many different tissue contexts.
Recent theoretical and computation analysis of scRNaseq data (Ntranos et al., 2016; Heimberg et al., 2016) also support the idea that a set of 100 genes can be highly informative of the overall transcriptional state of the cell because of the correlated expression of many genes within a cell class. This analysis has revealed that gene expression information is highly redundant, and sub-sampling a small fraction of the transcriptome can accurately recapitulate the overall expression state of cells (Ntranos et al., 2016; Heimberg et al., 2016) . Further supporting this conclusion, bioinformatics studies have also shown that small subsets of hundreds of genes can be selected to enable reconstruction of the entire transcriptome with high accuracy across hundreds of thousands of experimental conditions (Donner et al., 2012; Chen et al., 2016; Duan et al., 2014 Duan et al., , 2016 . These smaller gene sets are not solely built on canonical marker genes. Thus, it is likely that even randomly chosen gene sets can perform well in capturing the overall transcriptional state of cells.
Different Gene Sets Reveal Robust Spatial Organization in CA1
The high correlation among genes disproves the assumption made in Cembrowski and Spruston (2017) that only high average expression level genes are informative. In fact, high abundance genes may introduce bias in classification of cells but were traditionally used because they could be robustly detected with less sensitive methods. Measuring hundreds of genes by seqFISH across a large range of average expression level can be highly robust in classifying cellular expression states. Indeed, we observed the same regionalization patterns with multiple gene sets ( Figures 5-7 in Shah et al., 2016) . The two original gene sets (125 and 249 genes) had little overlap between them. Both sets, containing 25 and 35 marker genes, respectively, along with non-marker genes, such as transcription factors, yielded similar patterns of organization in CA1. In addition, in a reanalysis of the data from Shah et al. (2016) , even when we leave out the high abundance marker genes and use only lower average abundance genes measured by barcoded seqFISH, we observed the same robust spatial structure (Figure 2) .
The hybrid (i.e., using both the barcoded and non-barcoded approach) seqFISH approach allows accurate quantitation of mRNAs spanning orders of magnitude in terms of expression. Future gene sets can be designed to contain genes that correlated strongly with other genes and are highly predictive of the overall transcription profile in specific cells (Donner et al., 2012; Chen et al., 2016; Duan et al., 2014 Duan et al., , 2016 as well as canonical markers to help correlate results with the existing literature.
seqFISH Data Reveal Robust Spatial Organization despite Intrinsic Ambiguity in Clustering of Taxonomy Tree Just as there are many ways to define human subpopulations, there are many ways to define a ''cell type'' (http://dx.doi.org/ 10.1016/j.cels.2017.03.006). Depending on which characteristics are emphasized, a population of cells can break down along different criteria. For both scRNaseq and seqFISH datasets, different methods of weighing the contribution of individual genes can give rise to different clustering results. Many RNAseq analyses weigh genes by their expression levels, which emphasizes classification based on absolute expression levels. While normalization, like Z score analysis, which was used for our seqFISH data, can reduce skewing by high-copy number genes, both analysis methods are equally valid. Many types of clustering algorithms can be applied, such as hierarchical clustering, biclustering, and backspin (Habib et al., 2016; Tasic et al., 2016; Zeisel et al., 2015) , all of which can give different clustering definitions. Thus, clustering of single-cell gene In their Matters Arising, Cembrowski and Spruston (2017) incorrectly state that ''non-barcoded genes are associated with >70% of the transcript counts underlying cellular classification (Figure 3 in Shah et al., 2016) , despite comprising only 20% of the total number of targeted genes.'' All genes were weighted equally regardless of their expression levels by Z score normalization (Shah et al., 2016) . Therefore the low average abundance genes are equally informative in our analysis as high average genes, as seen by the similar Z score distributions for both high and low abundance genes in the 125 gene and 249 gene experiments (Figure S3B and S6B in Shah et al., 2016) .
Analogous to weighting, the number of genes selected for the seqFISH set that are differentially expressed in distinct cell types will also affect clustering. For example, if our target list contains more genes that discriminate between excitatory versus inhibitory neurons than those that distinguish neurons from glia, then the excitatory/inhibitory split in the cluster tree will occur higher up than the neuronal/glial split. We discussed this point under the heading ''seqFISH Cell Classes versus Single Cell RNA-seq Cell Types,'' in Shah et al. (2016) and we also provided a more detailed discussion of this point in supplementary materials with an intuitive analogy about survey questions in a census (pages 20-21 Supplemental Information of Shah et al., 2016) .
Despite the intrinsic ambiguity of clustering from single-cell expression data, we observed robust regionalized spatial patterns in CA1 and CA3 using different sets of genes as discussed above. This description is consistent with distinct subregions, as observed in both CA3 and CA1 in the ABA analysis (Thompson et al., 2008; Dong et al., 2009; Lein et al., 2007) . Furthermore, our CA1 data are also consistent with Cembrowski et al. (2016a) and Habib et al. (2016) in observing that position-dependent transcriptional diversity occurs among the neurons along the CA1 region and that a single-cell class does not generally define any given subregion (Figures 2A and 2B in Habib et al., 2016) . Cembrowski et al.'s technically impressive finding that CA1v neurons with different connectivities have different expression profiles is also consistent with our observation that different transcriptional clusters are present in CA1v. These agreements show that seqFISH can reveal robust spatial organization without necessarily clustering into the canonical taxonomy tree.
Spatial Organization of CA1 Is Consistent with scRNaseq Data scRNAseq data (Zeisel et al., 2015; Habib et al., 2016) suggest that expression profile of single cells dissociated from CA1 may be approximated as a continuum. However, this is also consistent with the regionalization observation: cells within the continuum can either distribute uniformly in space, or distribute in a regionalized fashion such that cells with similar expression profiles are in spatial proximity. Indeed, when Habib et al. (2016) mapped their scRNAseq data onto the tissue with ISH data using a computational method (Satija et al., 2015) , they observed that different subregions of CA1 have different (Cembrowski et al., 2016b) , we identified genes that are enriched in CA2 compared to CA1d in both the 125 gene (A) and the 249 gene experiments (D). Each of the bar plots represent the expression level of a gene (RPKM) in CA2 (yellow) versus CA1d (blue). We then measured the expression levels of these marker genes in our three seqFISH brain slices (B, C, and E). To determine whether the intermediate region in that brain slice is CA1i or CA2, we compared, for each of the CA2 marker genes, the counts per cell averaged over all cells in the intermediate regions (yellow) and the dorsal region (blue). The first 125 gene brain (B) contained regions (from Figures 5E and 5F, Shah et al., 2016) that showed enrichment in these marker genes in the intermediate regions compared to the dorsal region, but at a lower level than if those regions are directly in CA2. The second 125 gene brain (C) showed no enrichment of these marker genes in its intermediate region (from Figure 6D , Shah et al., 2016) , indicating that it is CA1i and not CA2. The 249 gene brain (E) also showed no enrichment of CA2 markers in the intermediate region (from Figures 7D-7G , Shah et al., 2016) . Furthermore, both the second 125 gene brain and the 249 gene brain are anatomically more caudal, ruling out the possibility of CA2 in those brain slices.
subgroups of cells ( Figure 2B in Habib et al., 2016) , consistent with our view of subregional heterogeneity within CA1.
This highlights the importance of having single-cell gene expression data in the context of spatial organization and how seqFISH and scRNaseq are complementary approaches that can be combined to provide a powerful method to generate a spatial atlas of cells. By extending the approach developed in SEURAT (Satija et al., 2015) , the transcriptome-wide coverage of scRNaseq could be used to generate a coarse classification for cells that would be used to map these cell classes onto the spatial images generated by seqFISH and to visualize finer expression differences within each class. We anticipate this integrated approach will combine the advantages of both scRNaseq and seqFISH in generating an accurate spatial map of the cells classes in tissues.
CA1i versus CA2
The Matters Arising from Cembrowski and Spruston (2017) also raised concerns regarding whether the samples used in our original manuscript contained CA2 or CA1i. Using marker genes from bulk RNA-seq data in the hippocampus (Cembrowski et al., 2016b), we determined that two of our brain samples unambiguously contain CA1i ( Figure 3C and 3E) and not CA2. In both cases, the anatomical structures of the brains are also consistent with location in a caudal section that contains CA1i and not CA2 ( Figure S1 from Shah et al., 2016) . In the third brain sample from the paper probed with 125 genes, CA2 marker genes were slightly enriched in the intermediate regions, but less strongly than if the region was directly in CA2 ( Figure 3B ). In this third brain section, the anatomical location may represent a transition region between CA2 and CA1i. However, all three brain samples showed distinct subregions, confirming the organization of CA1. Further experiments are needed to characterize how sharp or gradual the boundaries between these subregions are.
Conclusions
By addressing the individual concerns brought up by the Matters Arising from Cembrowski and Spruston (2017) , we assert that seqFISH enables accurate in situ analysis of both low and high expression genes and provides a powerful view of the brain at the single-cell level, reconciling previous works at low spatial resolution. seqFISH represents a significant integrative technology that bridges single-cell sequencing, functional imaging such as calcium imaging and connectivity measurements (Zingg et al., 2014) , as well as lineage history reconstruction tools (Frieda et al., 2017) in the same cells that allow us to construct spatial cells atlases in tissues.
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QUANTIFICATION AND STATISTICAL ANALYSIS
All clustering analyses are performed as described in Shah et al. (2016) . Briefly, single-cell expression data are Z score normalized and hierarchical clustered. The cluster identity is then mapped onto the spatial images. In the analysis performed in this Matters Arising Response, we used only 100 genes that were measured by barcoded seqFISH and excluded the genes that were measured by non-barcoded seqFISH.
DATA AND SOFTWARE AVAILABILITY
Single-cell seqFISH data were presented as supplementary tables in Shah et al. (2016) . Analysis code is available upon request. REAGENT 
